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Abstract

In this paperwe proposethe applicationof the KernelPCA techniquefor feature
selectionin high-dimensionafeaturespacewnhereinput variablesaremappecdy
aGaussiarkernel. Theextractedfeaturesareemployedin theregressiorproblem
of estimatinghumansignal detectionperformance&rom brain event-relatedoo-
tentialselicited by taskrelevantsignals.We reportthe superiorityof KernelPCA
for featureextractionover linearPCA.

1 Introduction

In mary safety-criticalapplications(e.qg., air traffic control, power plant operation,
military applications)ontrolis basedon the ability of humanoperatorgo detectand
evaluatetask-rel@antsignalsin thepresentedisualdata.Performanceuality of ope-
ratorsvariesovertime, oftenfalling below acceptabldimits, andmay resultin errors
with potentiallyseriousconsequencedhelik elihoodof sucherrorscouldbereduced
if physiologicalmethoddor assessmemf humanperformancavereavailable.

A fundamentapartin the developmentof sucha methodis to constructa model
reflectingthe dependencbetweerselectehysiologicalmetricsof mentalworkload
(e.g.,Event-RelatedPotentials(ERPs))andthe performancecharacteristic®f a hu-
manoperator(reactiontime, accurag, and confidence).Prior researcthasdemon-
stratedthat linear regressionand nonlinearneural networks can model the relation-
shipsbetweerERPsandperformancésee[1, 2, 3] andref. therein). However, when
we attemptto develop sucha modelwe are confrontedwith the curseof dimension-
ality, which arisesfrom the complexity of physiologicaldata. For example,225 data
samplegdimensionsparerequiredto describea singlel.5ssegmentof ERPdatafrom
threeelectrodes. To addresghis problem,we can accepttwo generalassumptions
aboutthe real world datasets. First, thereexist somecorrelationsamonginput vari-
ablesthusdimensionalityreductionor so-calledeature extraction allows usto restrict
the entireinput spaceto a sub-spacef lower dimensionality Secondjn mary prac-
tical problemswe canassume smoothmappingfrom inputto outputspacethuswe



caninfer the valuesof the outputfor pointswhereno input dataare available. This
canbedoneby anappropriateegularizationtechnique.

In this study we have usedtherecentlyproposeKernelPCA [4] methodfor fea-
ture selectionin kernelspace.This allows usto obtainfeatures(nonlinearprincipal
componentsyvith higherordercorrelationshetweeninput variables,andsecondwe
canextractmorecomponentsf the numberof datapointsis higherthantheir dimen-
sionality[4]. TheideabehindKernelPCA[4] is basedn computatiorof thestandard
linearPCAin a high dimensionafeaturespace# (with dimension< o), into which
theinput datax € R\ aremappedvia somenonlinearfunction ®(x). To this end,we
computeadotproductin spacef usingakernelfunction,i.e. K(x,y) = (®(x).d(y)).
This’kerneltrick’ allowsusto carryoutary algorithm,e.gSupportVectorRegression
(SVR) [5], thatcanbe expressedn the termsof dot productsin spacef. Next, we
usedselectedfeaturesto train SVR and Kernel Principal ComponentRegressionto
estimatethe dependeng betweenERPsand the performanceof the individual sub-
jects. Theresultssuggesthesuperiorityof (nonlinear)KernelPCAfor featureextrac-
tion overlinearPCA in somecases.

2 Methods
2.1 Kernd PCA, Multi-Layer SVR and Kernel PCR

The PCA problemin high-dimensionafeaturespacef canbeformulatedasthe dia-

gonalizatiorof an-sampleestimateof the covariancematrixC = % S D) D(xi)T,

where ®(x;) are centerednonlinearmappingsof the input variablesx; € RN, i =
1,...,n. The diagonalizatiorrepresents transformationof the original datato new
coordinateglefinedby orthogonakigervectorsV. We have to find eigervaluesa > 0
andnon-zeroeigervectorsV € ¥ satisfyingthe eigervalueequation\V = CV. Re-
alizing, thatall solutionsV with A # 0 lie in the spanof mappings®(x1), ..., ®(xn),
Schdlkopf et. al. [4] derivedthe equivalenteigervalueproblemniv = Kv, wherev
denoteghe columnvectorwith coeficientsvy, ..., v, suchthatV = 11 ; vi®d(x;) and
K is asymmetricn x n matrixwith Kjj = (®(x;).P(x;)) := K(x;,x;j). Normalizingthe
solutionsV* correspondindo the non-zerceigervalueshy of thematrix K , translates
into the conditionA(v.vK) = 1 [4]. Finally, we cancomputethe projectionof ®(x)
ontothek-th nonlinearprincipalcomponenby

a0 = (VE000) = 3 K (.. @

Wethenselecthefirstr nonlinearprincipalcomponentsg.g.thedirectionswhich
describea desiredpercentagef datavariance,and thuswork in an r-dimensional
sub-spacef featurespacef . This allows usto constructmulti-layer supportvector
machined4], wherea preprocessingayer extractsfeaturesor the next regressioror
classificatiortask. In our studywe focuson theregressiorproblem.

Generally the SVR problem(seee.g.[9) canbe definedasthe determinatiorof
function f(x,w) which approximatesn unknowvn desiredfunction andhasthe form
f(x,w) = (w.®(x)) + b, whereb is an unknowvn biasterm, w € ¥ is a vector of



unknown coeficientsand (w.®(x)) is adot productin spacef . In [7] thefollowing
regularizedrisk functionalis shavn to computethe unknowvn coeficientsb andw:

_1lg N1l
Rg(W) = 1 3 B+ 51w, )

whereErr =y; — f(x;,w), n > 0 is a regularizationconstantto control the trade-
off betweencompleity andaccuray of the regressiormodeland|Err|¢ is Vapnik’s
e-insensitve loss-function[7]. In [7] it is shown that the regressionestimatethat
minimizesthe functional (2) hasthe form: f(x,a,a*) = S, (a — a)K1(xi,x) + b,
where{a;,a’ }!! ; areLagrangemultipliers[5].

Combiningthe Kernel PCA preprocessingtepwith SVR yields a multi-layer
SVRin thefollowing form [4]: f(x,a,a*) = i ;(a —&")K1(q(xi),q(x)) + b, where
componentf vectorsq(.) are definedby (1). However, in practicethe choice of
appropriatekernelfunction K1 (.,.) canbedifficult. In this study a polynomialker
nel of first orderKy(x,y) = (x.y) is employed. We arethusperforminga linear SVR
on the r-dimensionalsub-spacef #. The advantageof linear SVR over ordinary
linear regressionis the possibility of using a large variety of loss functionsto suit
differentnoisemodels[5], e.g. the proposedvapnik’s e-insensitie functionis more
robust for noise distributions closeto uniform. However, in the caseof Gaussian
noisethe bestapproximationto the regressionprovides a loss function of the form
L(yi, f(xi,C)) = [yi — f(xi,c)]?. Therefore,we useda Kernel Principal Component
Regression techniquewhich minimizesthefollowing risk functional

R sy f(xi,c)]?
pr(0) = 1 3 = £ 0

Thesolution f (x,c) hastheform

f(x,c) = k;bkq(x)m— bo = kélbkiiv}‘K(xi,x) +bo= iciK(xi,x) + bo,

where{c = S§_; b}, and{q(x)x}}_, areagaindefinedoy (1). The coeficients
{bk}_o canbefoundby solvingthe normal equations for leastsquaresstimation.

2.2 Data Sample Construction

We have usedERPsandperformancelatafrom anearlierstudy[2]. Eight maleNavy
techniciansxperiencedn the operationof displaysystemsperformeda signaldetec-
tion task. Eachtechnicianwastrainedto a stablelevel of performanceandtestedin
multiple blocksof 50—72trials eachon two separatelays. Blocks wereseparatedby
1-minuterestintervals. A setof 1000trials were performedby eachsubject. Inter-
trial intervals were of randomdurationwith a meanof 3s anda rangeof 2.5-3.5s.
The entire experimentwas computercontrolledand performedwith a 19-inchcolor
CRT display Triangularsymbolssubtendingt2 minutesof arc andof threedifferent
luminancecontrastg0.17, 0.43, or 0.53) were presentecparafoseally at a constant

1A moredetaileddescriptiorof a PrincipalComponenRegressioris givenin [6].



eccentricityof 2 degreesvisual angle. Onesymbolwasdesignatedisthe target, the
otherasthe non-taget. On someblocks, targetscontaineda centraldot whereaghe
non-tagetsdid not. However, the associatiorof symbolsto targetswasalternatee-
tweenblocksto preventthe developmentof automaticprocessing.A single symbol
was presentegper trial, at a randomlyselectedoositionon a 2-degreeannulus. Fix-
ationwasmonitoredwith aninfraredeye trackingdevice. Subjectswererequiredto
classifythe symbolsastargetsor non-tagetsusingbuttonpressesindthento indicate
their subjectve confidenceon a 3-point scaleusinga 3-button mouse. Performance
wasmeasuresalinearcompositeof speedaccurag, andconfidenceA singlemea-
sure,PF1,wasderived usingfactoranalysisof the performancealatafor all subjects,
andvalidatedwithin subjects.The computationaformulafor PF1was

PF1=0.33«Accurag + 0.53«Confidence 0.51«ReactionTime

usingstandardscoresfor accurag, confidenceandreactiontime basedon the mean
andvarianceof their distributions acrossall subjects. PF1varied continuously be-
ing high for fast,accurateandconfidentresponseandlow for slow, inaccurateand
unconfidentesponses.

ERPswererecordedrom midline frontal, central,andparietalelectrodegFz,Cz,
andPz),referredto averagemastoidsfiltered digitally to a bandpassf 0.1to 25 Hz,
anddecimatedo a final samplingrateof 50 Hz. The prestimulushaseling(200 ms)
was adjustedto zeroto remove ary DC offset. Vertical and horizontal electroocu-
lograms(EOG) were also recorded. Epochscontainingartifactswere rejectedand
EOG-contaminatedpochsverecorrected Furthermoreary trial in which no detec-
tion responser confidenceatingwasmadeby a subjectwasexcludedalongwith the
correspondindERR

Within eachblock of trials, a running-mearERP was computedfor eachtrial.
Eachrunning-meareRPwastheaverageof the ERPsoverawindow thatincludedthe
currenttrial plusthe9 precedingrials for amaximumof 10trials peraverage Within
this 10-trial window, aminimumof 7 artifact-freeERPswererequiredto computethe
running-mearkERR If fewerthan7 wereavailable,therunningmeanfor thattrial was
excluded.Thuseachrunningmeanwasbasednatleast7 but nomorethanl0Oartifact-
freeERPs.This10-trialwindow correspondo about30sof tasktime. ThePF1scores
for eachtrial werealsoaveragedisingthe samerunning-mearwindow appliedto the
ERPs,excluding PF1scoredor trials in which ERPswererejected.Prior to analysis,
therunning-mearERPswereclippedto extendfrom time zero(stimulusonsettime)
to 1500ms post-stimulusfor atotal of 75 time points.

3 Reaults

_vl2
The presentvork wascarriedout with Gaussiarkernels;K(x,y) = e ( el ), where

L is the width of the Gaussiarfunction. The desiredoutput PF1waslinearly nor-
malizedto have a rangeof 0 to 1. We trainedthe modelson 50% of the ERPsand
testedontheremainingdata. Thedescribedesults for eachsettingof theparameters,
are an averageof 10 runs eachon a different partition of training and testingdata.
Thevalidity of themodelswasmeasuredn termsof the proportionof datafor which




PF1was correctly predictedwith 10% tolerance,.e +0.1 in our case. The perfor
manceof a RegularizedGaussiarRBF (rGRBF)network [8] andSVR trainedon data
pre-processedy linear PCA (LPCA) in input spacewas comparedwith the results
achieved by multi-layer SVR (MLSVR) andthe proposedKernelPrincipal Compo-
nentRegressionKPCR)on featuresxtractedby KernelPCA. In both casesve used
featureq(principal componentsiiescribing99% of datavariance.We usede = 0.01,
n = 0.01 parametevaluesin the caseof SVR. Theresultsachiezedon subjectA (592
ERPs),B(614 ERPs)andC (417 ERPs)aredepictedin Figurel. On subjectsA and
B we canseeconsistentlybetterresultson featuresxtractedby KernelPCA (top and
middleleft graphs).ThesesuperioresultsachievedusingKernelPCA representation
were also obsened on the remainingfive subjects. In addition, we canseethatin
all caseshe SVR was superiorto rGRBF on inputs extractedby linear PCA (right
graphs).We have to notethaton all subjectsve achievedsimilar resultswith features
describing@8% of datavariance Withoutthe PCA preprocessingtepin featurespace
F we did notincreasehe overall performance On the contrary on four subjectshe
performancavason averagedecreasetly 0.5%on testproportionerror.
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Figurel: Comparisorof theresultsachiezedon subjectsA, B andC.



4 Conclusions

Theselectionof appropriatdeaturesfor regressiorhasbeeninvestigatedOn subjects
A andB we demonstratethat (nonlinear)KernelPCA providesa superiorrepresen-
tation of the datasetover thatof linear PCA. However, on subjectC the performance
with featuresselectedby linear PCA was slightly better We have to note, thatin
this casethe dimensionof matrix K in featurespace# is lower (209) thanthe in-
put dimensionality(225), thus we can not exploit the advantageof Kernel PCA to
improve overall performanceby using more componentsn featurespacethan the
numberavailablein the input space. We usedfeaturesdescribing99% of the data
variancethat for differentparametelL represent§0-90%of all nonlinearprincipal
component@ndwe shoved that sucha reductionof high-dimensionafeaturespace
F doesnot decreasé¢he overall performance Moreover, this canbe seenasthe de-
noisingtechnigueassuminghatthe noiseis spreadn directionswith smallvariance.
On all subjectswe demonstratethat the performanceof SVR on featuresextracted
by linearPCA wassuperiorto RegularizedGaussiarRBF.
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